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Introduction
As agriculture becomes increasingly technology-intensive, farmers' ability and willingness to adopt new technologies will be key to productivity growth and structural transformation, which will in turn determine the poverty reduction rate in settings where most of the poor still live in rural areas. The ability to adapt quickly to exogenous changes will also increase in importance as, in the context of climate change, the frequency and severity of extreme weather events is likely to increase significantly. A large literature (Feder et al. 1985) highlights determinants of technology adoption, including cognitive ability to accurately assess payoffs from different options, social networks that provide access to information and possibly implicit insurance (Conley and Udry 2010) , the ability to bear risks or to insure against them (Suri 2011 ) and access to capital, especially if monetary outlays are required for adoption.
A number of recent studies highlight the important role of non-cognitive skills or personality traits as determinants of parameters, such as individuals' rate of time preference and risk attitudes that profoundly impact economic outcomes but have often been taken as given by economists.
1 In some settings, personality traits have been found to more strongly predict earnings or employment prospects than traditional cognitive skills. For example, traits such as self-discipline have been found to be more important than standard indicators such as IQ (Duckworth and Seligman 2005) . They also have been found to be significant predictors of healthy behavior such as alcohol consumption and exercising (Chiteji 2010) . This implies that efforts to shape personality traits early in life, when they are still malleable, can have large impacts on labor market and health outcomes (Heckman et al. 2010 ).
Conceptual models highlight that, due to spatial dispersion of activities and the need to adjust to microvariations in climate, farming requires entrepreneurial drive, an ability to deal with complexity, and the willingness to take risks (Allen and Lueck 1998) . Although they may only weakly correlate with traditional measures of human capital, skills in this area are likely to significantly affect productivity and technology
adoption. Yet, though traditional human capital measures often have limited explanatory power in adoption regressions (Huffman 2001) , there has been little study of personality traits' relevance to these outcomes.
As a first step towards addressing this gap, we study if and to what extent, in an irrigated outgrower scheme for smallholder rice in Ghana, personality traits affect producers' decision to adopt transplanting, their returns from adoption and their overall technical efficiency. Transplanting is a simple technology that, while requiring slightly higher levels of labor input when crops are transplanted from the nursery, has little impact on capital requirements or production risk. Yet, it can deliver significant benefits in terms of lower seed requirements, improved ability of plants to compete with weeds that reduce labor demands in the management phase, and shorter time in the field that provides a possible basis to intensify land use by planting other crops. Although part of the technology package promoted by local extension officers, it was adopted by only a small share of producers.
The results suggest first that personality traits are indeed highly significant predictors of transplanting adoption, which in turn has a large impact on technical efficiency. Interestingly, simulations using relevant point estimates suggest the effect of personality traits on adoption is about double that of standard human capital variables. Second, beyond the channel of technology adoption, personality traits also directly enhance technical efficiency in contrast to education, the estimated effect of which is not significantly different from zero. Third, personality traits are also highly significant predictors of the returns from transplanting adoption, while human capital traits have no statistically significant relationship to returns from adoption. Disaggregation points towards polychronicity, work centrality/passion, and optimism as key variables affecting the adoption decision and efficiency of input use. In sum, non-cognitive skills that thus far have received limited attention from agricultural economists affect producers' technical efficiency as well as their adoption decisions and adoption outcomes.
The findings imply that further study of the effects of personality traits on agricultural sector outcomes is warranted to better understand whether these traits are also relevant for more complex technologies or risky adoption decisions than those studied here. From a policy perspective, they suggest that early childhood development interventions targeting non-cognitive skills may have high returns in rural, low-income country contexts. Personality traits may also help identify individuals most likely to adopt certain technologies or to benefit from such adoption.
The paper is organized as follows: Section 2 discusses determinants of agricultural technology adoption and the effects of personality traits on economic outcomes. Section 3 provides details on the definition and measurement of personality traits, summary statistics on agricultural production in the sample and the econometric approach. Section 4 presents results with respect to technology adoption and technical efficiency. Section 5 concludes with policy implications and suggestions for further research.
Background and justification
To motivate our study, we review the literature on determinants of agricultural technology adoption, noting the absence of a discussion of personality traits as potential determinants of adoption decisions. A brief review of recent literature finding that many 'fundamental' economic parameters are potentially affected by personality traits suggests that, directly or indirectly, such traits may affect adoption decisions and that measurement of such traits to explore this relationship will be of interest.
Factors underpinning agricultural technology adoption
Improved technology is critical for economic growth and assumes even higher importance in smallholder settings where new technologies can enhance yields, reduce risk, and contribute to better outcomes in a range of other ways. Obstacles to smallholder technology adoption traditionally identified in the literature include human capital, credit, wealth, information and transport constraints, risk aversion, poor tenure security, lack of economies of scale and lack of complementary inputs (Feder et al. 1985) . Recent literature has focused on models of learning and risk aversion in the presence of credit and insurance market failures (Foster and Rosenzweig 2010) that highlight the importance of prior adoption decisions and outcomes of farmers within an agent's network.
Cognitive skills are essential to quickly acquiring and processing information not only on the availability of new technologies but also on how to apply them in a given setting. It is thus not surprising that education, as the most commonly available proxy for such skills, emerged as a key determinant of adoption decisions. Skinner and Staiger (2005) show that education and measures of individuals' social network were the only predictors of adoption significant for all of four key technologies adopted by US farmers over the 20 th century. Recent literature found that education improves learning (information processing), and increases the adoption of new technologies and the efficiency of their application (Foster and Rosenzweig 2010) .
But education itself may be endogenous if it is particularly sought in settings where returns to such skills are high. Indeed, Foster and Rosenzweig (1996) use Indian panel data to show that returns to education are higher in areas where agricultural technologies are available for adoption and that demand for education increased where, due to availability of new agricultural technology, returns to education had increased (an effect limited to land-owning households). This is consistent with the finding of many studies that, beyond basic numeracy, education is a statistically insignificant determinant of adoption decisions (Huffman 2001) .
For example high levels of unobserved heterogeneity are found for GM seed adoption in the US (Barham et al. 2015) and it would be of interest to explore if this variation could be explained by personality or noncognitive traits.
One non-traditional factor recently highlighted as important to smallholder adoption decisions is social learning (Conley and Udry 2010) . Farmers observe the effect of adopting a new technology on individuals in their network and then update their beliefs and decisions in response. At least in the long term, learning from neighbors seems to be more important to promoting the adoption of fertilizer and improved seeds than learning from extension agents (Krishnan and Patnam 2014) suggesting that different information sources are weighted differently by farmers. For instance, networks which individuals choose to join have been found to be more effective at facilitating technology adoption than those based on mere proximity (Liverpool-Tasie and Winter-Nelson 2012).
Can personality traits explain adoption and agricultural productivity?
The ability to solve abstract problems, commonly referred to as cognitive skills, is distinct from motivational and personality traits, generally referred to as non-cognitive skills (Borghans et al. 2008) . The psychology literature defines the latter as "relatively enduring patterns of thoughts, feelings, and behaviors that reflect the tendency to respond in certain ways under certain circumstances" (Roberts 2009 ), a definition used in recent literature, such as Almlund et al. (2011) , aiming to bridge personality psychology and economics. In practice, the correlation between indicators of non-cognitive and cognitive skills is often very low, partly because non-cognitive skills rely on a much wider array of functions (Brunello and Schlotter 2011) .
Although the precise definition and measurement of non-cognitive skills varies across studies, there is broad support for a high order taxonomy of personality traits referred to as the five factor model (Borghans et al. 2008 ). The five factors are (i) agreeableness or willingness to help other people; (ii) conscientiousness, i.e., a preference for following rules and schedules and high levels of organization and dependability; (iii) emotional stability or being relaxed and independent; (iv) openness to experience including autonomy, initiative and internal locus of control; and (v) extroversion, i.e. gregariousness and preference for human contact. While some use the conjoint of these as non-cognitive skill indicators, others argue that informed selections of lower order traits (referred to as "facets") may be better predictors of domain-specific outcomes (Paunonen and Ashton 2001; and Roberts et al. 2005) .
A surge of recent research has found non-cognitive skills and personality traits to be powerful predictors of schooling and labor market success with a predictive ability equal or superior to that of cognitive skills (Blanden et al. 2007; Heckman and Rubinstein 2001; Heckman et al. 2006; Heineck and Anger 2010) . For example, a longitudinal study for the US shows that moving an individual from the 25 th to the 75 th percentile of non-cognitive ability at age 14 to 21 increases males' and females' wages by 10 and 30 points and their probability of employment by 15 and 40 points, respectively (Heckman et al. 2006) . General Educational Development (GED) graduates have cognitive ability equal to that of high-school graduates, but are less successful than their peers due to lower non-cognitive skills (Heckman and Rubinstein 2001) . The Perry preschool program, an experimental intervention given to individuals with equal IQ early in life, had farreaching impact on a wide range of outcomes (Heckman et al. 2010) by affecting participants' motivation and personality. For a sample of American middle school students, self-discipline was found to matter more than twice as much as IQ for final grades (Duckworth and Seligman 2005) . Studies find non-cognitive skills to predict risk taking, violence, illegal activities, smoking and drinking (Carneiro et al. 2007; Chiteji 2010; Heckman et al. 2006) .
The importance of non-cognitive skills emerging from such studies has led some to argue that the role of cognitive skills in shaping socioeconomic outcomes (Jensen 1998 ) may have been overstated and that such over-emphasis on cognitive skill to the exclusion of other factors can bias evaluation of interventions and public or private investments to promote human capital (Heckman 2000) . 2 Yet, for many sectors, evidence on the impact of non-cognitive skills on economic outcomes in low-income contexts is only beginning to emerge. For example, studies argue that non-cognitive skills predict the probability of business innovation for micro-entrepreneurs (De Mel et al. 2009 ) and default for micro-loan applicants (Klinger et al. 2013) .
Exploring the impacts of personality traits on adoption of agricultural technology in Sub-Saharan Africa is germane for two reasons. First, agriculture provides the main income source for the vast majority of SubSaharan Africans and is therefore fundamentally important to poverty reduction, but the continent is far from the agricultural technology frontier and most increases in agricultural production have so far been due to expansion along the extensive rather than intensive margin. Second, many studies find traditional measures of human capital to have little impact on production efficiency or adoption of beneficial innovations (Huffman 2001) , suggesting that other factors may be key determinants of these outcomes.
Moreover, some factors identified in recent literature as strong predictors of adoption decisions-e.g. the size of an individual's network or his/her risk preferences-may arguably be affected by personality traits.
Data and descriptive statistics
This section uses survey data to characterize the study setting, which is dynamic and well integrated with peri-urban labor markets, and to highlight differences among sample farmers. We explain how key dimensions of personality traits are measured and how they differ among individuals in our sample before discussing in detail the channels through which they might affect technology adoption and technical efficiency.
Study setting, data sources, and key household characteristics
We use data from the Kpong and Weta irrigation schemes, located in Ghana's Eastern and Volta Regions.
Cultivators of rice plots were selected randomly from a listing of all cultivators in the schemes during the 2013 major season. With the sample stratified by gender and scheme, 3 data were collected on agricultural production, household income, livestock and other assets, credit, decision making, and expenditures in the 2012 major season (April-September). After dropping non-useable data, 4 we have 1,194 cultivators with 1,778 rice parcels.
Household-level descriptive evidence for the entire sample, for the two schemes, and for those who transplant and those who broadcast is reported in table 1. 5 One-third of the sampled cultivators are female, 48% of whom are also head of their own household. The share of cultivators who can read and write is 12
percentage points higher in Kpong than in Weta (58%), compared to 79% among men; literacy among women is 40%. Mean cultivator age is 46 with a mean of 9 years of education completed, a value that is 3.5 lower for women (9.9 years vs 6.2). Most sampled farmers' primary occupation is agriculture (89%).
Still, the diversified nature of the environment is illustrated by the fact that 53% have access to non-farm enterprise income, and 31% to wage income. The mean value of household assets is GHC 4,556 and that of livestock GHC 428. With GHC 6,880 vs GHC 3,674, asset endowments were significantly higher in Weta than in Kpong. Weta (3.1 t/ha), with farmers in the former also obtaining somewhat higher monetary returns due to slightly higher quality. For 74% of parcels, the cultivator has the use rights, having acquired them on average 24 years ago.
Land use rights are allocated by the government and non-transferable except through inheritance, and indeed 74% of parcels (71% in Kpong and 84% in Weta) are cultivated by their owner. Informal leasing of about 26% of sample parcels is thus in contravention of official regulations. Most of these transfers were for the long term and the share of informal leasing is, with 15%, much lower in Weta than in Kpong (30%), possibly due to a more active non-agricultural labor market there. Also, leasing does not seem a deterrent to the use of transplanting, with 30% of transplanted parcels being leased.
Use of herbicides and insecticides is common in both schemes, while fungicide application is more common in Kpong (81%) than in Weta (29%). On the intensive margin, the value of herbicide per hectare in Weta is 26% higher, while the value of insecticide and fungicide per hectare is 76% and 80% lower, respectively.
Inorganic fertilizer use in various formulations is widespread, though less than 5% use organic fertilizer.
Applying formulas to compute pure nutrients points towards little difference in N application but slightly lower levels of P in Weta. 6 Also, with 3% of producers practicing it, transplanting is less common in Weta than in Kpong (49%).
Transplanting whereby, rather than seed being broadcast, seedlings are grown in a nursery and planted on the field later has a number of advantages. Total time required in the field is shorter, potentially allowing more intensive use of a given piece of land. Less seed is needed as germination rates in the nursery are higher. Seedlings are more developed at the time of planting and thus better able to compete with weeds.
While labor needs at the transplanting stage are higher, this may be somewhat offset by lower requirements for weeding and other management later on.
In Kpong, yields of farmers who transplant are significantly higher than those who fail to do so in the same scheme with a yield difference of 12% (or 0.56 t/ha) in Kpong. Columns 4 and 5 show that transplanting farmers tend to be slightly younger (by 1.6 years) and more educated (by 0.7 years) than non-transplanters, spend 42% less on seed per hectare (262 GHC vs 151 GHC), use 36% more labor on land preparation (25.3 vs 18.6 days/ha) but, presumably due to higher yields, use similar levels of labor for field management and harvest. Male and female cultivators are equally likely to use transplanting to establish their crop.
Mechanized ploughing is almost universal, although the technology differs-power tillers are prevalent in Kpong and tractors in Weta, where the amount spent on ploughing per hectare is 43% lower. About half of farmers harvest using a combine, while the other half cut and thresh their crop manually, a practice that is more common in Weta (59% vs 48%). Overall, cultivators report 119 days between completion of planting and completion of harvest. Despite lower yields, the number of labor days spent is about 30% higher in Weta than in Kpong, with a higher share of days allocated to crop management. Female farmers perform a greater portion of the work in Weta, with roughly double the number of female family and hired labor days per hectare. Perhaps because they broadcast seed rather than transplant, Weta farmers spend 25% fewer days on planting but more days on management. In both locations, most harvest labor is hired.
Measuring personality traits
To measure levels of cultivators' non-cognitive skills, we use responses to 25 questions developed by The first four traits can be conceptualized as aspects of personal motivation. Achievement orientation and power motivation are defined in McClelland's theory of motivational needs (McClelland 1985) . The former is a desire to set and achieve difficult but obtainable goals and to receive performance related feedback, while power motivation is a desire to control or influence others. Tenacity is the tendency to persist in pursuit of tasks in the face of obstacles (Baum and Locke 2004; Gartner et al. 1991) . Given their similarities, we combine work centrality and passion into a single construct where work centrality is a belief about the degree of importance work plays in life (Misra et al. 1990 ) and work passion is a measure of love or passion for one's work (Locke 2000) . Personal beliefs are captured by variables reflecting internal locus of control and optimism. Internal locus of control is an individual's belief about the degree to which she can control events that affect her (Rotter 1966) . Optimism is a belief that uncertain events will tend to work out well.
Traits related to how individuals approach work tasks are polychronicity, organization and impulsiveness.
Polychronicity is defined as "The extent to which people in a culture prefer to be engaged in two or more tasks or events simultaneously; and believe their preference is the best way to do things." (Bluedorn et al. 1999) . Organization is the extent to which an individual approaches tasks in a systematic way and is a lower level facet of the big five factor conscientiousness. Impulsiveness is a tendency to respond to internal or external stimuli rapidly without thought of the consequences (Barratt 1959; Patton et al. 1995 ). Frederick et al. (2002 argue that, along with compulsivity and inhibition, impulsiveness is one of 3 sub-dimensions of the time preference parameter commonly estimated by economists.
In addition to the above, we include digitspan as an objective measure of cognitive skill, in particular numeracy and short-term processing ability. This measure is obtained by reading respondents two sets of numbers with 3, 4, 5, 6 and 7 digits, and asking them to repeat the longest number they could remember. It is then defined as the highest number of digits at which at least one of the sets was repeated correctly. 
Exploring impacts of personality traits on technology adoption
To assess factors that may contribute to adoption of transplanting or mechanized harvesting, we use a logit model. Predictors include characteristics of cultivators (age, education, gender), their household (physical assets and livestock), parcels (area cultivated, soil quality and slope, existence of erosion control/water harvesting facilities), and the full set of cognitive and non-cognitive indicators specified above.
Adoption theories have postulated four main determinants of technology adoption decisions, namely (i) perceived equilibrium increase in efficiency or performance expectancy (PE); (ii) the perceived economic ease of adoption or effort expectancy (EE); 9 (iii) the perceived social benefits, including status and influence (SI); and (iv) the perception of facilitating conditions including future availability of infrastructure or services to support the technology (Venkatesh et al. 2003) . These determinants depend on the actual characteristics of the technology, the context and the human capital of potential adopters (including personality traits), but also on potential adopters' perception of these characteristics, which may in turn be influenced by personality.
We expect optimism to positively associate with perceptions related to all four determinants and in turn adoption. High levels of polychronicity and organization are likely to improve effort expectancy and, for suitable technologies, performance expectancy. Power motivation and achievement motivation may operate through the channels of effort expectancy and greater responsiveness to social influence. The latter effect would depend on whether adoption is expected to increase social authority or perceived achievement.
Likewise, we expect locus of control, and work centrality and passion to ease effort expectancy and thereby increase adoption. We have no clear prior on the relationship between impulsiveness and adoption, since impulsiveness may increase intent to adopt but reduce successful completion of adoption.
As a direct measure of cognitive ability that may to some extent overcome measurement bias resulting from the standard use of years of formal education as an imperfect proxy, we expect digitspan to be associated with higher levels of technical efficiency. This is supported by the literature that has shown cognitive ability to be strongly correlated with better labor market outcomes (Jensen 1998) . Since digitspan measures individuals' ability to process new information and learning, which has been shown to be essential for adoption of complex technologies (Foster and Rosenzweig 2010) , we also expect it to positively affect technology adoption.
Do personality traits affect technical efficiency?
While personality traits may affect technology adoption, they are also likely to affect technical efficiency directly. To determine whether there is an independent effect, we use a stochastic production frontier model first proposed by Aigner et al. (1977) and Meeusen and Van den Broeck (1977) to analyze the determinants of inefficiency within the sample. We use a slight variation on these procedures by Huang and Liu (1994) that applies maximum likelihood to estimate the stochastic production frontier and sources of inefficiency in one step. The inefficiency term is specified as , where is a normally distributed error term with mean that is truncated from below at -(so that is strictly positive), and is a vector of potential sources of inefficiency. This allows mean technical efficiency to be conditional on managerial characteristics. Assuming a flexible translog production function, the model takes the form:
where Y is yield per hectare; are physical inputs including the area of land planted, the amount of labor, nitrogen and phosphate applied per hectare, and the cost of crop protection chemicals (herbicide, insecticide and fungicide), mechanized ploughing and mechanized harvesting applied per hectare; are parcel characteristics including dummy variables for subjective soil quality, whether the parcel was fallow during the past 5 years, and whether use rights were obtained directly from the government or from another individual who was allocated these rights; and is a normally distributed error term with mean 0. Technical inefficiency is defined as above by where denotes farmer attributes (age, education, gender, household size, personality traits) and technology including dummy variables for irrigation scheme, whether transplant or broadcast seeding is used, and seed type. is normally distributed with mean zero, but truncated from below at .
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In addition to the conventional factors included in regressions of this type (Liu and Myers 2009; Sherlund et al. 2002) , previous research has linked motivational traits (Dunifon and Duncan 1998) , locus of control (Groves 2005; Heckman et al. 2006) , and organization with labor market outcomes, leading us to expect a positive association with technical efficiency. The time management skills measured by polychronicity may affect smallholders' technical efficiency and ability to synchronize multiple income streams. 11 Higher discount rates in early life, due to impulsiveness, have been shown to negatively impact later life success (Castillo et al. 2011) , and we expect this to negatively correlate with technical efficiency.
Estimation results
Personality traits, especially polychronicity and optimism, are estimated to be more statistically significant and quantitatively important contributors to the adoption of transplanting-in turn a major predictor of 10 The maximum likelihood estimation is performed in STATA 13 using the sfcross command (Belotti et al. 2012) . Likelihood ratio tests are used to test for significance of the Z terms. 11 Psychology literature on farmers' stress consistently shows time management to be a leading factor (McGregor et al. 1995; Walker and Walker 1987; Deary et al. 1997; Pollock et al. 2002; Alpass et al. 2004 ).
technical efficiency-than traditional human capital indicators, with an estimated impact about double that of education. In addition to this indirect effect, polychronicity, work centrality and digitspan also increase technical efficiency directly. In our setting, personality traits are thus arguably more important predictors of cultivators' technology adoption and levels of efficiency than those traditionally used in the literature.
Determinants of technology adoption
While inclusion of all 9 personality traits discussed above allows us to test for their joint significance, testing for significance of individual factors requires us to account for potential collinearity between them.
To do so, we first check for collinearity by calculating each predictor's variance inflation factor (VIF). 12 As the highest VIF for the conditional mean term is below 2, we conclude that collinearity is very low. As an additional check, we then use 4 model selection techniques to limit the specification to the most important non-cognitive predictors and check if their statistical significance changes as a result. We use three techniques to do so, namely (i) restricting the model to characteristics we expect to be most important based on the literature; (ii) allowing statistical techniques, specifically forward stepwise regression 13 and least angle regression (Efron et al. 2004) 14 to select predictors; and (iii) introducing each trait individually while removing all others from the model.
Marginal effects from logit estimation of efficiency determinants are reported in table 4 with columns for
inclusion of all traits (col. 1); selection of traits based on the literature (col. 2); LARS and stepwise selection methods as described above (cols. 3 and 4). Coefficient estimates for specific variables change little across specifications. Consistent with the literature, higher levels of physical assets and education are positively associated with adoption. For adoption of transplanting, the psychometric variables are jointly significant at the 5% level for the first 3 models, and at the 1% level for the stepwise model.
The three most significant traits are polychronicity, optimism, and work centrality/passion (though the latter reduces the likelihood of adopting transplanting). Polychronicity is significant at 1% in all specifications.
Optimism is significant at 10% or 5%, except when introduced independently, where it is insignificant.
12 VIF is a measure of how much the variance of the predictor's coefficient is increased by the inclusion of other predictors in the model. Hair et al. (1995) suggest that a VIF below 10 indicates inconsequential collinearity. 13 Forward stepwise regression is a standard model selection algorithm that, starting with no variables in the model, sequentially adds the predictor most correlated with the residual of the outcome variable after all variables currently in the model are controlled for until no predictor outside of the model meets a minimum p-value when added to the model (in this case, 0.09). Predictors inside the model that no longer meet a minimum pvalue requirement (in this case 0.1) as a result of the addition of other variables to the model are then removed until all predictors in the model meet the minimum significance requirement. The process is then repeated until all predictors inside and outside the model are above or below their minimum significance requirement, respectively. For the stochastic frontier selection inclusion of all production function variables is forced, while the algorithm selects-in covariates from the conditional mean. 14 Least angle regression (LARS) is similar to a forward stepwise procedure but avoids arbitrarily removing predictors highly correlated with the outcome variable that happen to be correlated with another predictor selected earlier. It does so by increasing the coefficients on covariates currently in the model in their joint least squares direction until a variable not currently in the model has as high a correlation with the residual as the variables currently in the model. At this point, that variable is added and the procedure is repeated. LARs achieves the same result as the LASSO selection technique (Tibshirani 1996) except when the coefficient of a variable already in the model hits zero, in which case it is removed and the joint direction is recomputed (Efron et al. 2004) .
Work Centrality/Passion is negatively associated with adoption of transplanting, possibly because of a more traditionalist attitude. This relationship is significant at 5% or 1%, except when introduced independently, where it is insignificant. For the adoption of mechanized harvesting, psychometric characteristics are jointly insignificant, regardless of the specification and none of the individual constructs or standard human capital indicators are individually significant either.
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To compare the estimated impacts of personality traits with those of standard measures of human capital indicators, figure 1 plots the predicted probability of transplanting adoption at each decile of the distribution of education, age and experience (panel A), the non-cognitive traits (panel B), and the digitspan as an objective measure of numeracy and processing capacity (panel C) holding all other covariates constant at the sample mean. 16 The 95% confidence band implied by standard errors calculated using the delta method is also indicated.
Panel A suggests concave predicted impacts of higher levels of human capital on adoption of transplanting,
i.e. increases in education will be most significant at lower parts of the distribution, in line with the notion that a minimum level of literacy or numeracy is needed for awareness and understanding of the potential benefits from new technology. 17 At the same time, predicted impacts decrease rapidly when moving up the distribution, 18 with marginal gains from higher levels of education negligible beyond the 3 rd or 4 th decile.
Better measurement of actual cognitive ability does not change this picture; in fact plotting predicted levels of technology adoption against the digitspan as a more precise measure of cognitive ability in panel C points towards a flat relationship. The predicted overall increase in the probability of adoption due to a hypothetical move from the 1 st to the 9 th decile of the distribution of traditional human capital indicators is 15 percentage points.
A display of the same relationship for non-cognitive skills in panel B points towards interesting differences.
The relationship is estimated to be convex rather than concave, i.e. the marginal effect of increments in non-cognitive skills increases as one moves up the distribution. Also, with 34 percentage points, the predicted increase in the probability of adopting transplanting associated with moving from the 1 st to the 9 th decile of the distribution of non-cognitive skills is more than double that of standard human capital. This implies that simple non-cognitive skill indicators can identify individuals most likely to adopt and disseminate technologies similar to transplanting, potentially speeding the diffusion process. To the extent 15 Results for mechanized harvest adoption are available from the authors on request. 16 To allow consistent interpretation, values for traits with negative coefficients are re-scaled so that higher deciles increase the probability of adoption. In particular, the indicators for cultivator achievement motivation, power motivation, work centrality/passion and age are reversed. 17 The three panels of figure 1 display the predicted probability of adopting transplanting at each decile of the distribution of (i) education, age and experience as traditional human capital variables (panel A); (ii) all non-cognitive traits included in table 5 (panel B); and (iii) the digitspan as a possibly more accurate measure of cognitive ability (panel C). All other covariates are held constant at their sample means and the 95% confidence band is computed using the delta method. 18 The increase in predicted probability of adoption is driven almost entirely by education, rather than age or experience. that a similar relationship holds for adoption of more complex technologies, the results suggest that investment in early childhood development of non-cognitive skills may substantially affect the adoption of agricultural technology over the long run.
Determinants of technical efficiency
We estimate a stochastic production frontier to explore if, beyond affecting adoption of transplanting, noncognitive skills affect productive efficiency more generally. Elasticities and inefficiency parameters from a translog specification are reported in table 5. 19 Column 1 reports results from the model without personality traits, while columns 2 through 5 report results after including all personality traits, a pre-selection of traits, and LARS and stepwise selections as defined for table 4. Estimated coefficients for conventional inputs are positive and highly significant throughout with the exception of the number of labor days, which may point towards application of labor in fixed proportion to purchased inputs. Lower levels of self-reported soil quality are estimated to reduce output (by 8% and 41% for fair and poor compared to high quality). Parcels that had been left fallow have significantly lower yields, suggesting a limited role of fallowing in restoring fertility in an environment where use of fertilizer and other chemicals is widespread.
The continuation of table 5 on the following page reports the inefficiency parameters, including the impact of personality traits. A number of interesting results emerge: First, standard human capital indicators are individually and jointly insignificant throughout, even after removing variables with which they might be collinear via model selection. Second, transplanting is estimated to increase technical efficiency, an effect that is significant at 1% in all specifications. Likewise, household size is estimated to be a significant determinant of efficiency regardless of specification, suggesting labor market imperfections. Finally, personality traits are jointly significant at 5% when including all traits and 1% for the LARS and stepwise selected models, suggesting that, beyond impacting efficiency indirectly via adoption decisions, personality traits also have a direct efficiency-enhancing effect. A look at the dimensions of these traits shows that polychronicity and work centrality/passion are significant at 1% and 5%, respectively, in all specifications.
Digitspan is insignificant except for in the stepwise selected model and when introduced without noncognitive traits (not shown), where it is significant at the 10% level. The point estimate for digitspan is about one-third that of polychronicity or work centrality. None of the other indicators is significant.
Predicted impacts on technical efficiency due to hypothetical moves from the 1 st to the 9 th decile in the distribution of traditional human capital (education, age, experience) and non-cognitive skills, respectively, illustrate the associated magnitudes. For traditional human capital, such a move is predicted to increase technical efficiency from 66.4% to 67%. Based on our production function, this would translate to a 0.9% increase in output, an income gain of GHC 39 (USD 20 using the June 2012 exchange rate) per hectare and season. By comparison, an equivalent move in the distribution of personality traits is predicted to increase technical efficiency from 64.5% to 68.5%, equivalent to a 6.2% output increase or an income gain of GHC 268 (USD 139) per hectare and season. With two irrigated seasons per year and a 12% discount rate, the net present value of the associated income increases is equivalent to USD 337 and USD 2,314 per hectare, respectively.
The Huang and Liu (1994) non-neutrality model also allows for technical inefficiency related to managerial characteristics to vary by the level of inputs applied, if interactions between inputs in the production function and sources of inefficiency are included in the Z vector of equation (1) above. Although the number of parameters in the production function and inefficiency term are too high to allow estimation of the complete non-neutrality model, we are able to interact the inefficiency parameters with the transplant adoption indicator as a robustness check. Table 6 reports estimated marginal effects at the mean and coefficients of the interaction terms for this specification.
The main results are robust to this specification: The standard human capital indicators are individually and jointly insignificant, while personality traits are significant at the 1% level and polychronicity, work centrality and digitspan remain individually significant. Achievement orientation and power motivation are now individually significant as well. The interaction terms from this specification imply that personality traits are also more predictive of the benefits of adopting the transplanting technique, suggesting that personality indicators may be useful for predicting which individuals will benefit most (and least) from adoption. Standard human capital trait interaction terms are jointly and individually insignificant. Farmers with high levels of achievement orientation and power motivation appear to benefit more from transplant adoption, while those with larger households benefit less (all 3 effects are significant at the 5% level).
Conclusion
Our paper contributes to the literature by showing that, in the Ghanaian irrigated rice schemes studied here, non-cognitive skills that thus far did not receive strong attention in the agricultural economics literature affect producers' adoption decisions, technical efficiency, and adoption outcomes. Simulations suggest that the effect of personality traits on adoption is about double that of standard human capital variables. Beyond their impact on adoption decisions, these factors also affect smallholders' technical efficiency directly.
Disaggregation points towards polychronicity, work centrality/passion, and optimism as key variables affecting the adoption decision and efficiency of input use.
While this suggests that accounting for personality traits in efforts to promote new technologies may be warranted, further study of the effects of such traits on agricultural productivity should help to understand 16 whether these traits are also relevant for more complex technologies or more risky adoption decisions than those studied here and the precise mechanisms at play. To the extent that such study supports our findings and we are able to interpret them as causal effects, early childhood development interventions that aim to support development of non-cognitive skills may be warranted not only in urban but also in rural contexts. Asterisks denote significance of t-tests for equality of means between the preceding columns: *** p<0.01, ** p<0.05, * p<0.1. 1,659 Note: Self-reported soil quality, slope, and presence of erosion control or water harvesting facilities included in all regression but not reported. P-values in parentheses (*** p<0.01, ** p<0.05, * p<0.1). Standard human capital traits are age, education and experience. Motivational traits are achievement motivation, power motivation, tenacity and work centrality/passion. 
